ABSTRACT The current methods of assessment of surgical performance for robot-assisted surgery are subjective. In this paper, we propose a cognitive-based method for objective evaluation of performance. Changes in brain functional networks were extracted and their relationship with performance level was investigated. We used electroencephalogram data recorded from a mentor surgeon's brain while supervising and performing surgical tasks of varying complexity [urethrovesical anastomosis (UVA) and lymph-node dissection (LND)]. Multilayer community detection techniques were used to extract functional network communities at frequency bands of θ , α, lower β, upper β, and γ . Results showed different detected communities while supervising and performing LND (more complex). However, for UVA (less complex), the majority of functional communities were similar. This is likely because, in less complicated tasks, the trainee's performance more closely matched the mentor's expectation. Entropy and power distribution through frequency bands showed minimum thermodynamic stability during α and the maximum during γ . The relaxation time for channels with high entropy level was also extracted as a brain functional metric at thermodynamic stability state. These metrics may be used to quantify changes of brain functional network as performance improves.
I. INTRODUCTION
During surgery, the surgeon observes, interacts and collaborates with the operating environment. Robot-assisted surgery (RAS) represents a complex motor-cognition environment, as the control loop of the central nervous system (CNS) during remote manipulation is also different from the closed loop of controlling simple hand movements [1] , [2] .
The current robotic surgical systems are remotely controlled by surgeons via telecommunication, with tools that lack intelligence [3] . Providing humans with real-time feedback in a collaborative human robot interaction environment remains challenging [4] . This challenge may be addressed using information about how a surgeon's brain functions at different performance levels. Here, we used relationship between brain cognition and performance to extract measurements that aid in a RAS surgeon's performance monitoring, and can be further incorporated into the next generation of surgical robots.
A. OBJECTIVE PERFORMANCE MONITORING DURING RAS
The current surgical performance assessment methods are entirely dependent on subjective evaluation. Despite the recent development of more objective tools, performance assessment tools are still time consuming and dependent on expert evaluation [1] , [5] , [6] . While Simulators may help acquiring surgical skills, there is no sufficient evidence that simulation-based training shortens the learning curve. Most studies in this area have investigated the effect of how training on the simulator affects surgical performance, however, most of the learning occurs in the operating room (OR). Furthermore, because of the new regulations controlling duty hours for residents and trainees, less time is available for training and acquisition of surgical skills. It is of paramount importance to develop a method that can objectively assess and quantify perfromance.
Cognitive-based evaluation may address limitations of the current methods, and may be able to provide real-time automated feedback to trainees. Cognitive-based assessment of motor skills in RAS has been previously investigated using various modalities such as kinematics of hand trajectory and brain activity [4] , [7] - [14] .
However, it is still unclear how the mentor surgeon's brain functions during performing compared to supervising RAS procedures. This information may lay the foundation for the incorporation of switches based on anticipation of problems and therefore used to equip RAS consoles with real-time feedback utilizing mentors' brain features.
We hypothesized that reconfiguration of the mentor surgeon's brain functional states during RAS supervision correlates with surgical performance. Additionally, brain functional states may be used to objectively evaluate a surgeon's performance.
EEG modality alone and/or in combination with other modalities such as functional near-infrared spectroscopy (fNIRS) and sketches has been previously used for measuring mental workload [15] and gesture classification in computer aided design areas [16] . In this study, we used EEG data to extract the functional connectivity of a RAS surgeon involved in different surgical tasks and finalized the surgeon's functional state changes.
II. MATERIALS AND METHODS

A. DATA RECORDING
The ''Mind Maps'' program (IRB: I-241913), initiated in 2013, involves recording the brain activity of surgeons and trainees during RAS in the OR and/or on simulator. Our methodology has been previously published and validated [9] . The study was conducted in accordance with relevant guidelines and regulations, and was approved by Roswell Park Comprehensive Cancer Center's Institutional Review Board. The brain activity of an expert robotic surgeon was recorded while he performed and supervised three trainees performing surgery (Fig. 1-A and B, respectively) .
The mentor surgeon's brain activity was monitored using a 20-channel wireless EEG device with a sampling rate of 256 samples per second. EEG sensors were placed over the frontal (F; F3, Fz, F4, F7, F8 electrode channels), prefrontal (PF; Fp1, Fp2 electrode channels), temporal (T; T3, T4, T5, T6 electrode channels), parietal (Pa; P3, Pz, P4, POz electrode channels), central (C; C3, Cz, C4 electrode channels), and occipital (O; O1, O2 electrode channels) cortices ( Fig. 1-C) .
Lymph node dissection (LND) and urethrovesical anastomosis (UVA) were chosen as the steps commonly performed by both the mentor and the trainees (Fig. 1-D and Fig. 1 -E, respectively). LND involves dissection along the major blood vessels and is considered as a more complicated task than UVA, which is more of a repetitive motor activity.
Eighty-three LND (45 performed and 38 supervised) and 87 UVA (43 performed and 44 supervised) tasks (Fig. 1-D and Fig. 1-E, respectively) , performed using the da Vinci R Surgical System, were included in this study. On average, recorded procedures took approximately 4 hours and trainees performed 30±12 minutes on the UVA and/or LND. Hence, the term 'recordings' throughout this study refers to EEG data recorded from one mentor surgeon while performing and/or supervising trainee.
B. DATA PRE-PROCESSING
The EEG channel data was filtered with a band-pass filter (0.5-128 Hz). EEG data contaminated by eye blinks, muscle activity, and environmental effects were detected and discarded. Saturation and excursion artifacts were detected as time-point spikes with amplitudes greater than 40 mV [17] . A 60 Hz notch filter was applied to EEG data to discard environmental artifacts [17] , [18] . Wavelet transform and discriminant function analysis (DFA) were applied to raw EEG data to detect muscle activity and eye movement artifacts and decontaminate the EEG signal from these artifacts [17] .
Using the method proposed by Berka et al. [18] , a linear discriminant function analysis (LDA) was applied to the data, and wavelet coefficients from the FzPOz and CzPOz channels were used as features to classify signal data into eye-blink and non-eye-blink categories [18] . Eye-blink data points were removed from the signal.
C. ANALYSES
We used community detection algorithms to extract the community structures of the brain functional connectivity VOLUME 6, 2018 network. The mentor's brain functional connectivity networks were extracted by using EEG data recorded during performance and supervision. Single-layer and multilayer community detection techniques, based on modularity maximization, were used for community detection and the consensus iterative algorithm was used to improve the consistency of detected communities [19] , [20] . Communities were extracted through frequency bands of θ (4-8Hz), α (8-12Hz), lower β (12-19Hz), upper β (19-35Hz), and γ (35-60Hz).
The mentor surgeon evaluated each performance using NASA-TLX. This validated evaluation survey includes six indices: Mental Demand (MD), Physical Demand, Temporal Demand, Performance, Effort, and Frustration. Performance score (PS) was used to estimate the Performance level (PL) of each procedure (PL = 20-PS). MD index score evaluates the level of mental/perceptual activity required to complete the task. This has been previously utilized as a surrogate to the level of complexity of LND and UVA [8] .
D. BRAIN FUNCTIONAL CONNECTIVITY NETWORK
Phase Locking Value (PLV) was used to map EEG time series into a complex network of brain functional connectivity. PLV was used because our purpose was to analyze brain functional connectivity when information was transformed throughout areas of the brain. Information transformation occurs whenever two areas are phase-synchronized (locked). PLV was calculated by applying continuous Huang Transform (HHT) to EEG recordings.
We calculated the pairwise phase synchronization of electrode channels to analyze the functional connectivity of the brain across four different frequency bands of θ , α, β, and γ .
To find the phase (φ) of the EEG signals, we applied the continuous HHT64 to decontaminated EEG recordings. The instantaneous phase difference at time t, ( ϕ xy (t)), for a pair of channels (x and y) was calculated based on (1).
Transferring the range of phase into the boundary ϕ x ∈ [−π, π], the phase difference for all pairs of channels was normalized by using the range of phase difference ( ϕ max xy = 2π and ϕ min xy = 0). The average phase synchronization index xy (FB) can be defined by using (2) .
where, N is the number of data-points in the time series used for averaging, and FB is the frequency band. Calculating for all pairs of channels resulted in the creation of four independent, frequency based functional connectivity matrices (adjacency matrix). The extracted matrices (adjacency matrix) were then used to extract community structures.
Single-layer and multi-layer community detection techniques were used to detect communities of each adjacency matrix, which we defined as functional states.
E. SINGLE-LAYER COMMUNITY DETECTION
In the single-layer community detection analysis, communities in the adjacency matrix were detected as an individual problem. We partitioned each adjacency matrix into communities using modularity maximization criteria [19] . Modularity index (Q), as a quality function, in a multiscale community structure is defined in (3) for the single layer community detection method [19] .
In (3), channel 'i' is assigned to cluster g i , channel 'j' is g j , and M ij is the expected weight of the link connecting channels i and j. The coefficient γ > 0 is the resolution parameter in the multiscale modularitymaximization algorithm. Maximization of Q is equivalent to partitioning the matrix into communities such that the total link weight inside the modules is as large as possible. The generalized Louvain method was used for modularity maximization and community detection [19] , [21] . Elements of matrix M is defined as To find the optimum consistent modularity and resolution parameter for each adjacency matrix , a range of γ 's was considered and 'Q' was calculated at each γ (using generalized Louvain algorithm). The result is represented for one adjacency matrix in Fig. 2 . Finally, the resolution limit that resulted in maximum modularity and acceptable number of communities (≤ 6) was selected as the optimum resolution limit for each matrix. We selected the number of communities ≤ 6 because the network in this study is small with 20 nodes and we considered 6 brain predefined cognitive systems. Considering more than 6 communities caused several singular communities, which do not convey meaningful information toward our purpose.
Single-layer community detection was applied to the adjacency matrix of each recording. The extracted resolution parameter (γ ) for all recordings was used in the multilayer community detection algorithm.
F. CATEGORICAL MULTILAYER COMMUNITY DETECTION
The adjacency matrix ( ij ) of all recordings was used to develop augmented matrix ( ijl ), represented in Fig. 3 . In Fig. 3 , adjacency matrix for 3 recordings (S1, S2, S3) was inserted on the diagonal of augmented matrix ( ijl ). FIGURE 3. Schematic of augmented matrix (A ijl ) extraction for 3 layers network. This matrix was extracted for just three recordings/subjects (S) and three channels (Ch). Each recording was considered as a layer and each channel from each layer was connected to the same channel from other layers with the weight of ω. Variables 'a', 'b', and 'c' are weights of links between nodes (channels) in layers S1, S2, and S3, respectively. Adjacency matrix of layers was inserted on the diagonal of the augmented matrix, and other elements of augmented matrix were filled by '0' (no link between associated nodes in layers) or 'ω' (weight of link between associated nodes in layers). The augmented matrix was used for categorical multilayer community detection.
Utilizing multilayer networks, the network of each recording is connected to the network of the next and previous recordings. Each node is connected to its corresponding node in the previous and next layer using weight ω. This weight is estimated by considering a range of weights and applying a multilayer community detection algorithm to all connected networks. Simultaneously, communities for each recording case were extracted. The modularity function for multilayer community detection can be defined as (4) .
In (4), 'l' is the number of layers in the multilayer network, µ is the total link weight in the network, ijl is the adjacency matrix, M ijl is the corresponding null model matrix, and γ l is the structural resolution parameter, which defines the weight of intra-layer connections [19] . In this study, a range of γ l 's was considered. This range was determined using maximum and minimum γ values, extracted using a single-layer community detection algorithm for all recordings (explained in previous section). Variable g il is the community assignment of node i to layer l, g jr is the community assignment of node j in layer r, and ω ilr is the connection strength between nodes in two layers.
G. MODIFIED CATEGORICAL MULTILAYER COMMUNITY DETECTION
The categorical multilayer community detection algorithm lacks consistency in detecting communities for different values of ω's. Here, we developed an improved algorithm to address this shortcoming.
A range of ω's (0.001 < ω < 0.03) was used to find the most consistent communities. A Louvain-like locally ''greedy'' algorithm [21] , [22] was used to optimize modularity in the multilayer network. Multilayer modularity optimization was repeated for all considered γ and ω values. Since the community detection algorithm is nondeterministic [23] , a set of partitions associated with each γ and ω was used in a consensus iterative algorithm [23] to identify a single representative partition from all partition sets, based on statistical testing in comparison to 'NewmanGirvan (NG)' null network [21] .
Extracted community structures for networks associated with each recording were used to extract different features informing about the change in brain functionality at different conditions. These features are entropy, relaxation time (RT), and brain thermodynamic stability.
1) ENTROPY
In information theory, entropy is defined as the degree of disorder of a system and is related to the amount of dissipated energy [24] , [25] . Entropy can be interpreted as the cost of extracting information from a system [24] , [25] .
Considering this general definition, in this study, entropy was defined as the degree of change of channel community assignment through different recordings. Entropy of each channel was calculated as (5) [24] - [26] .
Variable c in (5) is the number of communities a channel is assigned to through all recordings. Variable P is the probability of assigning channel i into each one of the communities through recordings. Calculation of community entropy for the channels is represented with an example in Fig. 4 . The Shannon entropy was calculated as the summation of entropy of all channels.
2) CALCULATION OF SIGNAL's POWER DISTRIBUTION THROUGH FREQUENCY
A short-time Fourier transform, using a one second Kaiser moving window with 50% overlap, was used to extract the power spectral density (PSD) of the artifact-free EEG data [27] , [28] . Total power through time was considered as the total power at each channel. Also, total power of all channels was considered as the total power of the brain VOLUME 6, 2018 system. Power distribution through time over the frequency band was used to find the relaxation time (RT, Fig. 5 ).
3) BRAIN SYSTEM STABILITY
Thermodynamic stability of a system, based on system's entropy and energy (power), occurs when a system is in its lowest energy state and highest entropy level. Here, to investigate the stability of brain states, we explored entropy and energy expenditure throughout the considered frequency ranges (Fig. 5) . 
III. RESULTS
A. BRAIN STATES
The variation of channel community (the community each channel was assigned to) through recordings was used to extract total entropy of channel community assignment. The entropy of channel community during γ frequency range, was extracted through LND (and UVA) recordings performed and supervised by the mentor surgeon and was represented in Fig. 6-A and Fig. 6 . B, respectively (Fig. 7-A and Fig. 7-B,  respectively) . For most channels, entropy was higher than zero for both performing and supervising LND, and entropy during LND supervision was higher than that during performing LND.
The calculated channels' entropy through recordings of performing UVA showed a consistent community assignment for most channels. However, during supervising UVA, the community of most channels was not consistent.
B. STABLE STATE IN MENTOR SURGEON's BRAIN FUNCTIONAL NETWORK COMMUNITIES
We randomly selected different portions of data, and repeated this selection 50 times, and applied our analyses to the selected data. Average and standard deviation of entropy for each channel and total power distribution during performing and supervising LND (and UVA) were shown in Fig. 8 A-D (and Fig. 9 A-D) .
For smaller portions of data (< 50%), results did not show any change in entropy at different frequencies and different portions of data. In contrast, for portions > 50% of data, entropy was higher during α frequency band and decreased during lower β frequency band and again increased at upper β and γ frequency bands. Also, for most of the cases, we found that entropy was higher for lower portions of data. This may be related to the effect of change of optimum intra-layer weights for different layers and/or also the higher probability of community variation effect. For both LND (Fig. 8) and UVA (Fig. 9) , the power of the brain system increased over the frequency range and achieved its maximum during α frequency band, while community assignment entropy was also high. High entropy and power at α frequency range may indicate the highest thermodynamics instability of brain, when the brain is ready to release the energy through command execution.
During the lower β frequency band, power and entropy decreased. During the upper β frequency band, power decreased continuously, while entropy increased. At high frequencies (>50 Hz), power was at its minimum while entropy approached its maximum. This status may show the highest brain thermodynamic stability (minimum system's energy and maximum entropy [29] ). Based on the power-entropy results, during both supervising and performing, the mentor's brain states reached higher thermodynamic stability at higher frequencies of >50 Hz. The pattern in our results was consistent for ≥50% of data -randomly selected. However, for such a small dataset (30% of data), we did not observe a similar pattern.
C. RELAXATION TIME HAS RELATIONSHIP WITH PERFORMANCE
Power Spectral Density (PSD) of channels at various frequency ranges was used to capture the relaxation time (RT). The correlations between RT and Performance level for LND and UVA tasks were depicted in Table I . The significant negative correlation between RT and performance level may provide the possibility of using RT as a variable affected by performance. RTs for signals at several channels were correlated with performance. This correlation may describe the change of energy release behaviour in several areas of the brain during processing LND associated with performance level.
However, for UVAs, RT of Cz was the only channel that correlated with performance level. It may be because Cz is the center for motor execution, and UVA includes repeating suturing with fine motor functions. The extracted correlation may point out the importance of motor skills in executing fine movements in performing UVA tasks.
D. BRAIN COMMUNITY ENTROPY HAS RELATIONSHIP WITH PERFORMANCE
We calculated the correlation between total functional connectivity of channels which have high entropy of community assignment (entropy > 0.5). We found that in the gamma frequency range, there is a significant correlation between calculated entropy of those channels and the performance VOLUME 6, 2018 during 45 LNDs and 43 UVAs performed by mentor (Table II) and during 38 LND and 44 UVA tasks supervised by mentor (Table III) . 
IV. DISCUSSION
The proposed modification for the categorical multilayer community detection algorithm considered the variability between recordings/subjects by finding the most optimum weight between recordings. It improved the consistency of detected communities and validated the results retrieved from detected communities.
Analysis of brain functional connectivity network identified areas of the brain that are more effective in performance assessment (higher entropy). Approaching the most stable condition at high frequencies was associated with the highest entropy and lowest internal energy. This may show the importance of analyzing brain cognition at high frequencies.
Entropy was affected by the complexity level of the surgical task. LND was considered more complex compared to UVA, as it involves dissection around major vessels whose injury can be catastrophic. On the other hand, UVA involves suturing as a repeatable motor activity. Entropy was much higher for the more complicated task of LND compared to UVA. This is more likely because trainees were proficient in performing steps like UVA and trainees' performancees were similar to what the mentor expected to observe.
The existing issue in RAS skill evaluation is the lack of real-time feedback to the trainee. The results of this study may be used in developing a framework for objective RAS performance evaluation, using the EEG of a mentor supervising the performance of a trainee.
In this study we proposed using features extracted from a mentor surgeon's brain functional network (such as entropy) to be used for an objective skill evaluation algorithm in the future. These features as well as other features in the literature can be used in a real-time algorithm to notify a trainee whenever his or her performance is poor or unacceptable. Then, the trainee can receive feedback throughout practice and improve his or her skills while the mentor focuses on the surgery quality and OR safety.
Since each area of the brain is associated with processing a specific task, entropy calculations for channels in each area may be used to follow the progress of different motor cognitive skills. This may help a trainee identify which skills require improvement. Another key aspect of the findings in this study is the prediction of surgical proficiency. Growing evidence shows that even with continued practice, not all surgical trainees will achieve technical competence (defined as the ability to complete tasks or procedures safely and independently) by the end of training [30] , with more than half of trainees unable to operate independently after completing their fellowships [31] . Trainees rely on their mentors for acquisition of technical skills. Monitoring cognitive metrics can also serve, in addition to skills evaluation, as a predictor of whether or not a trainee will acquire surgical proficiency. One study suggested that adding a measure of technical skill assessment to the selection process can help identify those who may not be technically proficient, and direct them early on to other medical specialties [32] .
V. CONCLUSION
Using relationships between cognition and information theory allowed analyzing the stability of the mentor surgeon's brain states during cognitive processing. Results showed that at high frequencies of >50 Hz, RAS mentor's states were more stable while during α frequency band RAS mentor's states are very unstable and brain was ready to release energy during action.
Although community detection algorithms are common research areas in Neuroscience and Computer Science, this study is the first that applies these algorithms for the aim of performance monitoring during human-robot interaction.
This study is the start of retrieving information from RAS surgeon's brain using his/her brain functional network reconfiguration. This information may be used to improve design of RAS technology and make OR a more adaptive environment. Findings in this study will allow the development of protocols for measuring surgical performance.
